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Abstract
Soil hydraulic properties govern transport processes and water balance in soils. The knowledge of soil water
properties is important for efficient soil and water management. The determination of soil water properties required as
input data for simulation models is time consuming and relatively costly. Thus, indirect methods for estimation of soil
hydraulic properties have proposed based on the easy - to - measure soil properties using pedotransfer functions (PTFs).
Total of 174 soil samples from flood spreading areas in Iran was collected and used as 138 for the development and 36
for the validation of PTFs. In the present study, PTFs for prediction of some soil hydraulic parameters from easily
measureable soil properties (sand, silt, clay, BD, OC, and porosity - 0.2 - 30 µ -) were developed using multiple - linear
regression (RegPTFs) and artificial neural network (ANN) models to estimate some soil hydraulic properties (FC, PWP,
θs, n, α, and θr). Unlike the traditional preprocessing, the principal component analysis (PCA) technique was used as apreprocessing method. The overall ANN models resulted in high RMSE values for studied soils and the ANN approach
and principal component analysis (PCA) did not improve the estimated parameters. Between multiple - regression and
ANN, first approach showed lower error of prediction of FC, while ANN difference was not significant in comparison
with regression for PWP estimation. In overall, the difference in capability of estimations by ANN and regression
between point and parametric parameters was not significant (p > 0.05).
Keywords: artificial neural network, field capacity, pedotransfer function, soil water retention
1. Introduction
Soil hydraulic properties are important to
understand the transmission properties and water
balance in soils [10]. One important soil hydraulic
property is water retention capacity, which affects
soil productivity and management. Soil water
content (θh) governs the transport characteristics ofwater and solutes in soils.
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Soil water management is one of the major
challenges to increase agricultural productivity in
developing countries. The knowledge of water
retention capacity effects on this property is
important for efficient soil and water management.
The knowledge of water retention capacity
effects on this property is important for efficient soil
and water management. Soil water retention at field
capacity (FC) and permanent wilting point (PWP)
are important to estimate the irrigation water depth
and other irrigation-related applications. The
determination of soil water properties required as
input data for simulation models is time consuming
and relatively costly [48]. In addition, the
measurement results may not be
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accurate due to temporal and spatial variability in
soil hydraulic characteristics. Thus, indirect
methods for estimation of these properties have
proposed based on the readily available soil
properties (sand, silt, clay, bulk density (BD), and
soil organic matter (SOM)) using pedotransfer
functions (PTFs) [25, 48].
Many statistical equations (PTFs)
characterizing the water retention curve have been
presented [15]. PTFs are useful tools for modeling
applications. Such functions are developed
involving different soil basic data that are measured
in the field or laboratory. To estimate the soil water
retention, the van Genuchten model may be applied.
Porebska et al. (2006) showed that there are
correlations between soil physical properties and
van Genuchten parameters [34]. Estimation of the
van Genuchten parameters, α and n, using the RETC
program can be used to develop models to estimate
these parameters using basic soil properties [16].
Khodaverdilu and Homaee (2002) indicated that the
improved PTFs can estimate soil water retention by
93% correlation coefficient [12]. Wösten et al.
(2001) have provided a review of PTFs [50]. In the
point approach, specific soil water retention (θh) (i.e. the water content at field capacity (FC) and at
permanent wilting point (PWP)) is estimated from
more readily available soil data. In order to
parameterize, the parameters of van Genuchten
(1980) are estimated, and consequently these
parameters are related to basic soil properties using
PTFs [24, 25, 45]. Several attempts have been made
to develop PTFs for point and parametric
estimations using multiple-linear regression method
[19,43,48] and ANN [24,25,38]. Recent
investigations on the PTF development mostly
focused on the development of better functions to
predict soil hydraulic properties for different areas
and soil types as well as determination of the most
important easily available soil properties as input
[32].
The recent researches have focused on
improving the estimation of the hydraulic properties
using PTFs [9, 47]. Few researches have been done
to compare the performance of both regression and
ANN methods to develop the PTFs [14, 21]. An
advantage of using ANN technique compared to
regression PTFs is that no a-priori model structure
needs to relate input and output data [21, 22, 37]. In
addition, Minasny and McBrantney (2002) have
also stated that one of the advantages of ANNs is
that they do not require assumed relationships,
which relates input and output data [24]. Tamari and
Wösten (1996) have provided a summary review of
ANN applicability to estimate soil hydraulic
properties and Schaap et al. (1998) have used ANN
to estimate some soil hydraulic properties [38]. In
general, investigations by Pachepsky et al. (1996),
Schaap et al. (1998), and Tamari et al. (1996)
indicated that the results from ANNs are often better
than traditional methods such as multiple -
regression method [31, 38, 42]. Koekkoek and
Booltink (1999) compared the regression PTFs with
the three neural network models and found that
ANN performed slightly better, but the differences
were not significant [14]. However, Merdun et al.
(2006) developed and validated PTFs for point and
parametric estimation of soil hydraulic parameters
from basic soil properties using artificial neural
network (ANN) and multiple - linear regression
approaches [21]. They found that the differences
between the two methods were not statistically
significant (p > 0.05), however, regression estimated
point and function pedotransfers of soil hydraulic
parameters better than ANN. Data on soil moisture
constants is rarely available, especially in flood
areas of Iran. Information on hydraulic properties of
flood area’s soils is very scares and limited data set
on these properties are available in sufficient detail.
Despite its importance, there is a lack of
understanding of documentations of ANNs and
PTFs applications for soil hydraulic properties in
Iran, specially, in flood spreading areas.
Moreover, compared to the investigations
on testing multiple - regression and ANN for
developing soil chemical properties PTFs, studies
on PTFs for soil hydraulic characteristics are scarce.
ANNs and regression PTF applications bridge the
gap between available and unavailable data. In
addition, some researchers believe that PTF
estimations may be improved by including more
input data such as effective porosity [2, 38]. In the
present study, porosity (0.2 - 30 µm) was included
as the new input parameters to improve the
estimations. Based on the deficiencies described, the
aim of the present study was to compare the
multiple - linear regression and ANN methods to
develop the point and parametric PTFs for
estimation of soil hydraulic parameters (θs, n, α, θr,
FC, and PWP) from easily measureable soil
properties (sand %, silt %, clay %, BD, organic
carbon (OC), and porosity - 0.2 - 30 µm -).
The objective of this study was to use feed
forward network (FFN) method for developing
PTFs. Unlike the traditional preprocessing, the
principal component analysis (PCA) technique was
used as a preprocessing method which this
preprocessing method, as far as our knowledge
goes, has not been used for the similar studies
purpose. In an attempt to investigate the soils of the
flood area for better management, soil physical data
of some flood spreading areas of Iran was used.
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2. Material and Method
Data collection and soil sample analysis
The data used in this study were taken from
the study of Mahdian and Kamali (2010) in flood
spreading areas of Iran which consists of laboratory
measured water retention, particle size distribution
data, SOC, and bulk density [18]. Six flood
spreading stations across the country were selected
based on required available data. Soils studied were
classified as Entisols. The selected stations were
Tasouj, Mazandaran, Gonabad, Hormozgan, and
Birjand. A detailed description of studied areas can
be found in Mahdian and Kamali (2010) report [18].
A total of 174 soil samples were collected from
different horizons of 0 – 150 cm at three depths 0 –
30, 30 – 60, and 60 – 90 cm and used in the present
study due to available information on both easily
measureable and hydraulic soil properties. Some
soil properties (sand %, Silt %, Clay % [6], BD [4],
and OC) used as input data for estimation of soil
hydraulic properties (θs, n, α, θr, FC, and PWP) were
measured based on NRCS of USDA standards. Soil
water retention from saturation to PWP was
determined by using a pressure chamber apparatus
[13] and then, the content of pores of medium
diameter (0.2 – 30 µm) was calculated.
Artificial neural network
Since several textbooks on neural networks
are available [20, 25], only a summary of the neural
network approach was provided in this paper.
Artificial neural networks are interconnected
network of neurons, which can be used for
estimating costly measured soil properties. They
have the capability of training relationship between
input and output variables [27]. An ANN is
composed of neurons and normally three layers, an
input layer, a hidden layer, and an output layer.
ANN - PTF estimation is based on training process
that minimizes sum of squared error, which is found
effective means of obtaining hard -to- measure soil
hydraulic parameters from easily available soil data.
In the present study, feed forward neural
network (FFN) technique was used to model soil
hydraulic properties using basic soil parameters.
A typical structure of feed - forward neural
network is depicted in fig. 1. In this study, the
network consists of two hidden layers and each
layer was five neurons.
Figure 1. A typical structure of feed - forward neural network
Unlike the traditional preprocessing, the principal
component analysis (PCA) technique was used as a
preprocessing method. In this study, tansig and
purelin functions were used for training. The
network fed with 80 % data. After training, the rest
of the data (20 % of the data) was used to test. All
simulation was done by neural network toolbox
using MATLABTM. Principal component analysis
(PCA) is a useful technique that analyzes database
in which observations are described by several
quantitative dependent variables. When large
multivariate datasets are analyzed, PCA reduces the
dimensionality of a large data set consisting of a
large number of interrelated variables, while
retaining as much as possible of the variation
present in the data set. This is achieved by
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transforming to a new set of variables, the principal
components (PCs), which are uncorrelated, and
which are ordered [11]. Principal component
analysis (PCA) extracts the important patterns from
the matrix, to represent it as a set of new orthogonal
variables called principal components, and to
display the pattern of similarity of the observations
and of the variables as points in maps [1].
Parameterization
A variety of soil hydraulic models are used
to parameterize the hydraulic properties. Parametric
estimation was used in this study. The θh data werefit to the van Genuchten equation (1) to derive
parameters (α, n, θr, and θs) using the nonlinear least- squares optimization program RETC (retention
curve) optimization computer code [46]. The van
Genuchten model describes the volumetric soil
water content θh as a function of the pressure head
(h) as follows:
mn
rs
r hh )1()( 
 
 θ h= θs h ≥ 0 (1)
Where θh (cm3 cm-3) is the volumetric water content(for h < 0); θr (cm3 cm-3) is the residual water
content; θs (cm3 cm-3) is the saturated water content;m is 1 - (1/n) with n > 1; and α (cm - 1) and n are
empirical parameters determining the shape of the
curve, which were obtained for each soil sample.
Parameter n is related to steepness of the water
retention curve. The dimensionless parameter n
expresses the steepness of the curve.
Multiple - regression approach
Soil hydraulic parameters (FC, PWP, θr, θs,n, and α) were estimated from the basic soil
properties as input variables (sand %, silt %, clay %,
BD, OC, and porosity), using multiple - linear
regression technique. In the multiple - regression
approach, the most important input variables were
determined using stepwise multiple - regression
method [18] to develop the PTFs using the statistical
computer software SPSS 13.0. The general form of
the regression equations were:
Y = b0 + aX1+ bX2+ cX3+ …+ Xn              (2)
Where Y denotes the dependent variable
referring to each soil hydraulic parameter, b0 is the
intercept, a, b, c, … are unknown coefficients of the
model, and X1–Xn are independent variablesrepresenting easily available soil properties.
Data were divided into two sets (80%, N =
138) for training the networks and the remaining
(20%, N = 36) for testing. The same data sets were
used in the derivation (N = 138) and validation (N =
36) of PTFs developed using both ANN and
multiple - regression methods for accuracy of
comparison.
Performance criteria
In general, the combination of most popular
statistics was used to evaluate the PTFs
performance. The root mean square of error
(RMSE), as the most suitable statistic, cannot
descript the scattering of data alone. Employing the
most suitable statistics for evaluating the PTFs is
subject of dispute [9]. The RMSE is a measure of
accuracy and reliability for calibration and test data
sets [48]. In the present study, RMSE was employed
as the main indicator for evaluating the pedotransfer
functions. In addition, the coefficient of
determination (R2) and the mean error (ME) were
employed to evaluate the correlation, over -
estimation, and/or under - estimation problem. The
above performance criteria can be expressed as:
(3)
Where Oi is the measured value, Ei denotesthe estimated value, and N is the number of soil
sample data.
Moreover, mean error (ME) can be defined
as:
(4)
The analysis of variance (ANOVA) was
performed using SPSS to evaluate whether there is
significant difference between ANN and multiple -
regression in predicting soil hydraulic parameters.
3. Results and Discussions
Summary statistics of soil physical and
hydraulic parameters used in the development and
validation of PTFs using ANN and regression
approaches are presented in table 1.
N
EORMSE
N
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N
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N
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Table 1. Descriptive statistics of soil physical and hydraulic properties for developing pedotransfer functions
Variables Training or derivation set Testing or validation set
Min Max Mean SD CV Min Max Mean SD CV
Sand (%) 17.00 79.00 59.95 13.226 0.22 62.00 79.00 71.50 5.212 0.07
Silt (%) 3.00 49.00 26.97 9.392 0.35 9.00 26.00 17.22 4.969 0.29
Clay (%) 2.00 35.00 13.08 6.349 0.48 6.00 15.00 11.27 1.876 0.16
BD 1.02 1.75 1.44 0.168 0.12 1.50 1.66 1.55 0.030 0.02
OC 0.02 2.70 0.55 0.562 1.02 0.16 0.64 0.26 0.089 0.33
FC 0.05 0.37 0.16 0.057 0.34 0.16 0.21 0.18 0.012 0.06
PWP 0.02 0.24 0.08 0.038 0.46 0.07 0.11 0.09 0.009 0.09
P 0.01 0.16 0.08 0.029 0.35 0.08 0.11 0.09 0.009 0.09
θs 0.17 0.49 0.27 0.069 0.25 0.20 0.43 0.25 0.041 0.16θr 0.02 0.13 0.03 0.017 0.48 0.03 0.04 0.03 0.005 0.14n 1.26 3.04 1.46 0.244 0.17 1.33 1.38 1.34 0.011 0.01
α 0.01 0.07 0.04 0.016 0.42 0.02 0.04 0.03 0.005 0.18
The studied soils of the flood spreading
areas had a wide range of physical properties, for
training and derivation data set. The soils in the
studied flood spreading areas may cause such large
ranges in some properties. The soils can be assumed
as coarse to medium texture. Coefficients of
variables used in regression for developing
pedotransfer functions are presented in table 2.
Table 2. Coefficients of variables used in regression for developing pedotransfer functions
n α θr θs PWP FC Variables
1.051 3.277 0.135 0.651 0.283 0.165 Intercept
0.003 0.007 - 0.002 - 0.010 - 0.005 - 0.002 Sand
- 0.002 - 0.026 0.070 - 0.042 0.037 - 0.081 BD
- 13.926 - 27.024 - 0.145 0.057 0.014 1.186 P
- 0.006 - 5.229 1.437 5.602 2.724 0.461 (Sand)2
- 0.006 - 0.100 0.044 - 0.036 - 0.053 - 0.093 BD2
62.203 133.813 - 0.188 0.093 0.004 - 0.179 P2
0.000 0.071 0.166 - 0.118 0.022 - 0.117 Sand × BD
0.015 0.015 0.148 0.043 0.013 0.084 Sand × P
0.103 12.256 - 0.097 0.024 - 0.340 - 0.275 BD × P
0.896 0.916 0.441 0.626 0.458 0.737 R2
0.039 0.295 0.013 0.043 0.020 0.019 RMSE
          BD: bulk density (g cm-3); P: pores 0.2–30 µm; R2: coefficient of determination; RMSE: root mean square error
The parameters of van Genuchten (1991)
equation were obtained from the simultaneous fit of
the water retention data to equation 1, and then, each
of the point and parametric variables were related to
easily available soil properties using ANN and
regression techniques [45]. The estimates of soil
physical and hydraulic parameters are presented in
figs. 2, 3 and in table 3.
The results showed that between the two
approaches, ANN resulted to higher error compared
to regression method. Between multiple - regression
and ANN, first approach showed lower error of
prediction of FC, while ANN difference was not
significant in comparison with regression for PWP
estimation. The results indicated the poor
performance of ANN than regression approach for
FC estimation. For developing multiple - regression
model of FC the clay, BD, and porosity were
selected which can be a probable reason for better
performance of regression than ANN. Baker and
Elisson (2008) expressed that ANN is very data
demanding and ANN technique has only been
become possible when is applied together with a
large database [3].
In addition, considering more input
variables for developing the PTFs may be confusing
and, particularly when they do not show the
significant effect, the development will be
complicated.
Employing more effective input variables,
especially water content at a given potential [35]
and soil structure can improve prediction accuracy
of soil hydraulic properties [21, 37]. Rajkai et al.
(2004) found that considering a given water
retention data point as input variable improved the
PTFs accuracy by about 25% [35].
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Figure 2. Measured and estimated values of FC (cm3 cm-3), PWP (cm3 cm-3), θs (cm3 cm-3), α (cm-1), θr(cm3 cm-3), and n, using multiple - linear regression
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Figure 3. Measured and estimated values of FC (cm3 cm-3), PWP (cm3 cm-3), θs (cm3 cm-3), α (cm-1), θr(cm3 cm-3), and n, using ANN
FERESHTE Haghighi Fashi /ProEnvironment 7(2014) 10 - 20
17
Table 3. Goodness-of-fit for ANN and for regression models in predicting soil hydraulic properties from basic soil
properties
ANN Regression
ME RMSE R2 ME RMSE R2 Variables
- 0.1204 0.1245 0.602 0.0146 0.0155 0.876 FC
- 0.0414 0.0426 0.114 0.0510 0.0515 0.407 PWP
0.1251 0.1259 0.381 0.0506 0.0616 0.530 θs- 0.0152 0.0160 0.122 - 0.0124 0.0130 0.471 θr- 0.0287 0.0293 0.501 0.0119 0.0123 0.726 α
0.8555 0.8555 0.424 - 0.0715 0.0839 0.561 n
    R2: coefficient of determination; RMSE: root mean square error, ME: mean error
There are other important factors such as
soil salinity and clay mineralogy that largely
influence the soil water status, which were not
accounted for as input variables in developing PTFs
for FC [9, 28]. RMSE criteria indicated that
between ANN and regression, the later, predicted all
parameters more accurate than ANN. However,
ANN and regression approach did not show a
significant difference in accuracy to predict PWP
and θr. In general, regression models were better inestimation of FC, θs, n, and α parameter than ANN,
based on RMSE (table 3).
The overall ANN models resulted in high
RMSE values for studied soils from the flood
spreading areas. The RMSE of regression
estimations for hydraulic parameters ranged
between 0.0130 – 0.0839. Comparing the measured
and estimated PWP and θr values by ANN and
regression models showed significant differences (at
p < 0.05). The results showed that ANN over -
estimated four of six hydraulic parameters, while the
multiple - regression over - predicted two of them.
The relatively poor performance of ANN is
observed in fig. 3, where considerable scatter was
observed between measurements and predictions of
ANN. Similar results were obtained by Merdun et
al. (2006) who found that regression performs
insignificantly better than ANN and ANN
advantages can be utilized by developing or using
new algorithms in future studies [21]. Similar results
were reported by Pachepsky et al. (1996) and
Minasny et al. (1999) in agree with the present
investigation [23, 31].
In overall, the difference in capability of
estimations by ANN and regression between point
and parametric parameters was not significant based
on the ANOVA test (p > 0.05). Generally, ANN
modeling performance was not better in point
estimation than parametric prediction based on
RMSE. Therefore, there was not a significant
difference between regression models in point or
parametric predictions (table 3). ANN predicted FC,
n, and θs with low accuracy. Θr is the water content
at the low soil water potential (-1584.9 kPa) [26]. At
this water potential and PWP water content (-1500
kPa), the water is retained in soil micro - pores,
which is affected by soil texture. This parameter can
be changed with alteration of clay particles [34],
which was considered for developing multiple -
regression and ANN models of PWP and θr. As
reported by Ndiaye et al. (2007), the n parameter is
influenced by soil texture, which is related to soil
particle size distribution [26]. This parameter can be
changed with alteration of sand, silt, and clay
particles [34]. There might be several reasons for
relatively poor prediction of shape parameter n of
the van Genuchten equation.
The n parameter is empirical determining
the shape of the water retention curve [41], which
may be poorly estimated by the van Genuchten
model. In conclusion, estimation of n parameter
from basic soil properties is usually difficult due to
the over - parameterization. Using nonlinear
regression can help to solving this problem [21, 23].
The relatively large RMSE values at matric
potential of 0 kPa (θs) is observed in table 3. Aprobable reason for this result may be the larger
values of water content at 0 kPa matric potential
which causes greater variation [29]. Furthermore,
water contents in the air - entry and capillary region
of the soil water retention curve are more affected
by soil structure and pore - size distribution [30],
which were not accounted for in the PTFs based on
these properties. As mentioned above, considering
more input variables such as water contents at
different potentials and soil structure can improve
prediction accuracy of soil hydraulic properties [21,
37]. Soil salinity and clay mineralogy largely affect
the soil water status, which were not considered for
as input variables in developing PTFs [9, 28].
The negligence of macro - pores in the
laboratory due to the soil sample disturbance, small
sample size, and hysteresis effects may cause the
difference between the field and laboratory
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measured water retention [5, 40] and poor fitness
influencing modeling performance. In the case of
few measured data points, fitting may be relatively
poor, particularly where the soil water is most
sensitive to variations of matric potential near
saturation [19, 43]. It has found that there are
significant differences between the field and
laboratory moisture contents for fine- and coarse-
textured soils [33]. Significant differences between
the field and laboratory water contents may caused
by negligible number of fine - textured soils in the
data set to coarse - textured soils. In conclusion,
measurement errors may cause the poor estimation
of the parameters using both ANN and regression
approaches.
Despite the general belief that ANN - based
models are relatively successful, there is no
guarantee that the learning algorithm will get
optimum weights to minimize estimation errors. In
ANNs, there are number of weights that do not
allow easy interpretation [39]. Furthermore, the
ANNs’s structure which has to be selected a priori
and may not be optimal resulted from many types of
neurons and many types of connections [50].
Considering the above mentioned problems
associated with ANN - based PTFs, ANN approach
is not always able to improve the PTFs accuracy and
reliability [44]. Merdun et al. (2006) found PTFs
could not represent all variance changes resulted
from the spatial variability of soil hydraulic
parameters [21]. There is a lot of uncertainty in
applying PTFs to various soil conditions [50].
However, application of an ANN requires a large
dataset in the training phase. As mentioned above,
using different datasets from different sites for
training and testing results in weaker estimations
compared to training and testing on data from a
unique site.
The results of the present study alone cannot
confirm that regression will always be better than
ANN in estimating some soil hydraulic parameters.
According to Merdun et al. (2006), dependent
parameters are estimated from independent variables
simultaneously in ANN [21]. In regression
approach, soil hydraulic parameters are estimated
one by one. Therefore, the time is saved using ANN
method and probably better results are obtained in
case of applying better algorithms.
Even though, the principal component
analysis (PCA) technique was used as a
preprocessing method, the ANN predictions were
worse. The PCA did not improve the results as well.
The results demonstrate the merit of the multiple -
regression approach and the importance of less
costly soil data in the estimation of soil hydraulic
parameters. Complicated condition in the laboratory
(disturbed core samples producing measurement
errors) may be the other probable reason for the
observed difference between measured and
estimated parameters by PTFs. The use of PTFs as
an empirical relationship must be limited by the
range or type of soils from the data used to drive it
[50]. The PTFs developed on soils similar to those
in the studied area may perform better when
compared to other soils [7, 8]. Finally, a good
estimated hydraulic parameter may be obtained
when pore sizes (especially macro - pores) would be
measured in addition to the typical PTF inputs (soil
particle size percentage, BD, and SOC).
4. Conclusions
This study investigated the development and
validation of pedotransfer functions for prediction of
some soil hydraulic parameters from easy - to -
measure soil properties using multiple regression
and ANN approaches.
In overall performance of multiple -
regression was better than that of ANN. In general,
regression models were better in estimation of FC,
θs, n, and α parameter than ANN, based on RMSE.The overall ANN models resulted in high RMSE
(0.0160 – 0.8555) values for studied soils from the
flood spreading areas. The RMSE of regression
estimations for hydraulic parameters ranged
between 0.0130 – 0.0839. Furthermore, the
capability differences between point and parametric
predictions in both techniques were not statistically
significant (p > 0.05). The ANN approach and
principal component analysis (PCA) technique did
not improve the estimated parameters.
The study finding showed that the
regression model was useful in describing soil
hydraulic parameters in soils of flood spreading
areas in the studied areas. Thus, use of this model
should be considered as a valuable tool to gain more
knowledge of hydraulic properties for various soil
types. In many developing countries, such as Iran,
the use of available PTFs can cause errors for
estimating soil water content. The results of this
study encourage further investigations of the model
applications and development of suitable point and
parametric PTFs for estimating soil hydraulic
properties using ANN and regression methods in the
studied areas. The selection of more suitable PTFs
for application where there are not developed PTFs
caused by a lack of large databases is difficult.
Consequently, it is essential to evaluate and
optimize the model applicability and to develop
point and parametric PTFs for estimating soil
hydraulic properties for the soils at various sites.
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Thus, the estimates may be improved by
comprehensive local studies.
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